T he authors investigate through several simulations how patterns of learning and forgetting affect the operating performance of an assembly line. A unique aspect of this study is that a distribution of learning/forgetting behavior based on an empirical population of workers is used rather than assuming the same learning pattern for all employees. The paper demonstrates that modeling only central tendency and not the variations across workers tends to systematically underestimate overall productivity. The data used to estimate the parameters for the distribution of learning curves were collected from an assembly line that produces car radios.
Introduction
A variety of forces are simultaneously creating a new learning environment for shop floor workers. For example, many organizations are shifting from making a few products with long life cycles to managing product families with shrinking life cycles. At the same time, many of these organizations are accelerating their rate of process innovation and improvement, increasing worker flexibility through cross-training, and restructuring or reorganizing work activities. An important implication is that in this new environment, the individual worker must constantly adapt to changing tasks.
Furthermore, as the frequency with which individual workers are required to master new tasks increases, the amount of time the workforce spends on the steep part of the learning curve increases as new products are introduced, as they are rotated to other jobs, and as their work is restructured (e.g., Uzumeri and Nembhard 1998 , Uzumeri and Sanderson 1995 , Brown and Duguid 1991 . More specifically, in less dynamic environments workers have ample SHAFER, NEMBHARD, AND UZUMERI Worker Learning, Forgetting, and Heterogeneity opportunity to progress up the learning curve and operate at a highly proficient rate for an extended period of time. This is in stark contrast to the more dynamic environments characteristic of the present. In these environments, workers are often not afforded sufficient time to achieve a high level of proficiency at a particular task before reassignment. However, workers in this environment are observed "learning to learn" with increased experience switching tasks. For example, Nembhard (2000) observed higher individual learning rates and higher individual forgetting rates for workers with higher experience levels on an inspection task similar to that in the current study. Nembhard and Uzumeri (2000a) observed a similar pattern of higher learning and forgetting rates for both manual and cognitive tasks in industry.
From the organization's point of view, key concerns arise from the potential consequences due to lost output, higher cost, and the general competitiveness of the organization when its workforce spends proportionally more time in the learning process. Once these consequences are quantified, it is logical to next consider what options are available to help mitigate them. For example, can new technologies be deployed to improve the rate of worker learning and/or reduce the impact of worker forgetting?
The purpose of this study is to investigate how heterogeneity of worker learning and forgetting affects the operating performance of an assembly line under a variety of managerially controllable conditions. A related general research question naturally arises, one that is not addressed in the literature: What is the impact of not modeling the heterogeneity inherent in real populations of workers, as has been common in the literature (e.g., McCreery and Krajewski 1999)? In investigating this issue, we will illustrate that modeling only central tendency and not also variation among workers can result in substantially underestimating overall system productivity. Proof of this assertion is given in the appendix. Therefore, in addition to obtaining a closer representation of worker learning and forgetting patterns from an actual process, we also address the need for empirical investigation of learning and forgetting heterogeneity, as called for by several researchers (e.g., McCreery and Krajewski 1999, Lance et al. 1998) .
Regarding the question of how patterns of worker learning and forgetting affect the operating performance of an assembly line, our results demonstrate that increasing the rate of learning, perhaps via the adoption of new training technologies, can moderate the negative impacts of both increases in the size of the worker pool and worker forgetting. Furthermore, while overall system performance generally deteriorated as the size of the worker pool increased, longer task tenures did not automatically translate into increased system performance.
Overview of Previous Research
The literature relevant to this study is broad, touching on many topic areas. For example, Yelle (1979) and Belkaoui (1989) provide surveys of the learning curve literature. Nembhard and Uzumeri (2000a) provide empirical comparisons of many common learning curve models. However, forgetting has received relatively little empirical attention in the literature. In overviewing research related to organizational forgetting, Argote (1996) notes that knowledge can reside in the organization's employees, its technology, and in its structure. Accordingly, the level of knowledge can depreciate due to personnel turnover and when technology is not accessible or easily used. Argote (1996) also discusses the impact of turnover on the productivity of production workers. The present study extends this research by investigating how the size of the worker pool and the length of task tenures impact worker forgetting and also the extent to which the rate of learning can, in the long run, mitigate the effects of worker forgetting.
Models of worker performance in the literature have relatively infrequently considered the learning and forgetting phenomena. There have been recent efforts to incorporate these effects into performance models because industry is recognizing the losses they incur due to relearning (e.g., Kher 2000, McCreery and Krajewski 1999) . We remark that it is common in such studies to employ a homogeneous workforce with respect to learning and forgetting. This has been at least in part due to, as stated by McCreery and Krajewski (1999, p. 2034 ) the fact that none of the literature they reviewed "provided an empirically derived function of the forgetting phenomenon." Studies by Nembhard (2000) and Nembhard and Uzumeri (2000a) illustrate that empirical distributions of worker learning and forgetting are valuable in showing the variation present in workers performing real on-the-job tasks. It is an important contribution of the current study that a heterogeneous workforce is modeled and that the nature of the heterogeneity is informed by empirical data, thus tying our simulation study closely to an operating production process.
In this paper we simulate a set of assembly line test stations to examine the effect that spreading task experience across a larger pool of workers has on system productivity considering learning and forgetting effects. Second, we investigate the impact of task tenure in an environment where individuals work independently of one another. Third, we examine the relative effects that changes in the learning and forgetting rates have on overall productivity. Furthermore, these factors are investigated in an environment with a heterogeneous workforce.
Methodology

Data Collection
To investigate how heterogeneous learning and forgetting affects assembly line performance, data were collected from the final test and inspection station of an assembly line that produces car radios. The line began production ramp-up in late April 1996. Over the summer of 1996 additional lines and personnel were added, culminating in August 1996 with a final configuration of 24 test stations on three separate lines (or eight test stations per line). Inspection time data were collected for 176,000 items produced by 75 workers 1 through 1996. Of the 176,000 radios inspected, only 350 failed the final testing.
The final assembly test process is a combination of machine-paced and human-paced activities. The machine-paced activities are computer controlled and thus exhibit minimum variability. The workers also perform a number of supplementary functional and cosmetic inspections according to a documented ISO 9000 inspection procedure. In total, the inspection procedure requires 130 distinct evaluation criteria and operational steps. The final assembly test workers are trained using the written procedures and through onthe-job training.
A typical cycle begins when the inspector picks a radio from the adjacent conveyor and begins a series of cosmetic tests. After completing these manual tasks, the unit is placed in a fixture where a computer tests the internal electronic functions. The inspector then either places a shipping label on the units that pass or identifies the failure and routes it to rework. At the time of the study, the inspection stations were the bottleneck operation for the entire assembly line. Thus, the inspection station performance provided a good proxy for the performance of the entire line. Some descriptive characteristics of these data are given in Table 1 , where the size of the 1 The study period data involved a total of 148 workers, 75 of whom performed long enough to obtain reasonable fits to the model. The 73 workers that were excluded from the study each worked less than one day and produced relatively few total units. Estimates of long-run productivity would be relatively unreliable based on one day's practice. Since these workers also produced at relatively low production rates, being on the steepest portion of their learning curves, our results may be considered to be relatively conservative.
worker pool was constant, and there were negligible learning effects present at the aggregate organizational level. We remark that in aggregate, employees worked and took breaks from the inspection task more or less at random due to various cross-training programs, seniority-based bumping, sick leaves, and vacations that occurred during the study period. As a result, the task tenure and the number and lengths of the breaks varied among workers.
Modeling Worker Learning and Forgetting
Each worker's output history is recorded in buckets of 20 consecutive radios, where the average production time for each bucket corresponds to approximately 30 minutes of production for an average worker.
2
To obtain best-fit parameter estimates we follow a framework proposed by Uzumeri and Nembhard (1998) for fitting curves to each individual's performance history. In the first phase of this framework, a common mathematical function is fit to the timeseries performance data for each worker in the population. 3 The resulting distribution of best-fit parameter estimates is used to describe the behavior of the group. The criteria used in selecting a model includes: 1) minimize average of the mean squared errors (MSEs) from the individual fitted models, 2) minimize the standard deviation of the MSEs, 3) minimize the number of model parameters, and 4) give preference to the models that have clearly interpretable parameter definitions.
In a related study, Nembhard and Uzumeri (2000b) determined that of 11 common learning curve models selected from the literature, a three-parameter hyperbolic model suggested by Mazur and Hastie (1978) 2 Over 83% of the total variation between individual units is removed in the bucketing process, with negligible signal loss. That is, with unit cycle times as small as 40 seconds, the unpredictable within-bucket variation arises from numerous unmeasured sources, and at the same time workers are not exhibiting significant improvement within these 30-minute spans. The smoothing accomplished by the bucketing process allows for more reliable and consistent convergence in the model-fitting process. As a result, we obtained convergence for all 75 workers with an average R 2 statistic equal to 96% and standard deviation of 2%.
3 A nonlinear least-squares-curve-fitting procedure (SAS PROC NLIN) was used.
performed best in terms of Criteria 1 and 2. Nembhard and Uzumeri found that the traditional loglinear model performed reasonably well, but did not fit the wide range of empirical learners as well as the hyperbolic model. In that study the R 2 statistics were above .98 in 90% of 3,874 individual learning episodes. Based on these results, the three-parameter hyperbolic model was initially selected for the present study. The R 2 statistics for learning episodes in the current study data averaged over 96%, which we found comparable to the earlier study. The hyperbolic model of learning is of the following form:
where y x is a measure of the productivity rate corresponding to x units of cumulative (or total) work. Fitted parameter p represents the prior expertise attributable to the task based on a fit of the model to the data and may be viewed as an estimate of a workers' expertise acquired from past and similar experience. It is, in effect, shifting the learning curve backward in cumulative work to estimate prior expertise. The fitted parameter k estimates the asymptotic steady-state productivity rate, which is the rate that can be expected once all learning has been completed. The fitted parameter r is the cumulative production and prior expertise required to reach k/2, starting from the production rate corresponding to zero cumulative work and prior expertise. Thus, r represents the learning relative to the individual's steady-state productivity rate, k. Note that smaller values of r correspond to a more rapid approach to steady-state or faster learning. This model is capable of describing both positive and negative learning episodes, as were observed in the data. Forgetting of tasks, in practical settings, tends to occur after intermittent breaks (i.e., gaps or interruptions that occur during particular work assignment) in production. While management may have the ability to influence the average rate of breaks in production, the actual number, times, and lengths of these breaks depend on various things outside of direct managerial control, including illness, vacation, and SHAFER, NEMBHARD, AND UZUMERI Worker Learning, Forgetting, and Heterogeneity seniority-based bumping. Many forgetting models in the literature are designed to handle a single break of a given length, which for intermittent breaks would require the reapplication of such models for each and every break (e.g., Globerson et al. 1989 , Bailey 1989 . We remark that given substantial quantities of production data, this prospect may be relatively cumbersome to perform. The modifications to Equation (1), which follow, were introduced by Nembhard and Uzumeri (2000a) to include the effects of intermittent forgetting. These modifications were shown to perform well in measuring forgetting in both manual and cognitive tasks (Nembhard and Uzumeri 2000a) .
Forgetting is modeled based on a measure termed recency of experiential learning, R, which provides a relative measure of how recently an individual's practice was obtained. For each unit of a worker's cumulative (total) production x, we determine the corresponding recency measure, R x , by computing the ratio of the average elapsed time to the elapsed time for the most recent unit produced, as in Equation (2). The elapsed time for unit x for a particular worker is given by t x − t 0 , which is the difference between the timestamps of the start of the current unit, t x , and the earliest timestamp for the worker, t 0 .
We note that R x will be bounded below by 0 and above by 1, in such a manner that values approaching 1 indicate that all experience was obtained immediately preceding the current unit, and values approaching 0 indicate that experience was obtained in the distant past. For a constant productivity rate, the recency, R x , tends toward a nominal value of 0.5. To incorporate the effect that the recency of experience has on individuals within the population of workers, the cumulative production x is discounted (or reduced) by the corresponding factor R x , where the fitted parameter represents the degree to which the individual forgets the task. Restricting > 0, we note that for small values of there is very little discounting of cumulative work. As increases, the term R x becomes smaller, reflecting a greater discounting of the cumulative work x and greater forgetting.
The model of individual learning and forgetting is given by
Although the parameters in Equation (3) allow for the description of a family of curves including both positive and negative learning, the focus of the present study was limited to cases of positive learning. That is, workers whose performance deteriorated as they gained experience (i.e., exhibited negative learning) were not included in this study. While there is evidence of the existence of negative learning (e.g., Nembhard and Uzumeri 2000a) , at present the phenomenon is poorly understood. Thus, we only included workers with positive learning patterns. Five of the 75 workers who had work histories of more than one day exhibited negative learning and were not included in the simulation study. Table 2 summarizes the results of the learning curves fit to the 70 workers who performed a nonnegligible amount of work and exhibited positive learning. On average, the steady-state productivity rate for the radio inspection task after all learning had occurred was 29.7 radios per hour. The fastest worker in the sample would be expected to achieve a productivity rate of 45 radios per hour, while the slowest worker in the sample would likely achieve a productivity rate of 19.4 radios per hour. We obtained convergence for each of the 70 workers with significant parameter estimates (5% significance level) and an average R 2 statistic of 96.6% (standard deviation 2%).
Further inspection of Table 2 suggests that the workers, on average, had the equivalent experience of inspecting 1,150.5 radios prior to the current study. The worker with the most experience had the equivalent experience of inspecting over 13,000 radios, while 12 of the workers appeared to have no equivalent past experience. In terms of the rate of learning, on average the workers needed to inspect 921 radios to reach half their potential steady-state productivity rate. The slowest learner in the study required the experience of inspecting almost 15,000 radios to achieve this level of proficiency, while the fastest learner was able to achieve this proficiency after inspecting fewer than two radios. Finally, the average rate of forgetting, , was 1.3, with a minimum of 0.0 and a maximum of 5.0. As this discussion illustrates, Equation (3) succinctly describes individual patterns of learning and forgetting on the basis of four parameters (k, p, r, and ). In effect, these four parameters describe the learning and forgetting patterns recorded in hundreds of data points for each worker. Extending this, the entire population of workers can be viewed as the set of best-fit learning curves. The result is a distribution of mathematical curves that describes the workforce.
To obtain additional insights into the patterns of learning and forgetting exhibited by the workers studied, the pairwise correlation coefficients were calculated between the four parameters and five additional work history characteristics. As shown in Table 3 , the correlation coefficients between k, p, and r were all statistically significant and positive.
For the workers studied, higher levels of previous experience were correlated with higher steady-state productivity levels. On the other hand, because the rate of learning decreases as r increases, decreases in the rate of learning were correlated with higher steady-state productivity levels and more previous experience levels. In other words, slower learning individuals tended to achieve higher steady-state productivity levels, while workers with more previous experience tended to learn at a slower rate. The forgetting parameter, , was correlated with marginal significance to prior experience, p (negatively), and learning rate, r. Among the work history characteristics in Table 3 , only the average production time per unit was correlated (negatively) with any of the learning/forgetting parameters, k, p, r, or . In this case the negative correlation simply reflects the natural relationship that as unit processing times decrease, productivity levels increase. The statistically significant correlations among the work history characteristics are similarly intuitive. For example, the correlations between days worked and both units produced and the number of breaks suggest that as the length of time an employee spends at an inspection station increases, both the total quantity produced and the number of breaks taken tend to increase.
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The Impact of Learning and Forgetting on Assembly Line Performance
In addition to succinctly describing individual patterns of learning and forgetting, Equation (3) could be used to analytically determine the performance of a particular worker or group of workers under various scenarios. For example, the total number of radios inspected given a precisely specified assignment and rotation schedule could be determined using Equation (3). Unfortunately, a number of random events, such as worker absenteesim, workers leaving the organization, workers bumping one another based on seniority, etc., make it extremely difficult to precisely determine total production. Simulation provides a practical modeling approach given the need to consider the dynamic and stochastic nature of such systems.
The Impact of Worker Heterogeneity
In investigating the impact that alternative patterns of learning and forgetting have on the performance of an assembly line, it becomes apparent that little research has investigated the impact of worker heterogeneity, particularly in situations in which the workers operate independently of one another. To illustrate the nature of heterogeneity of learning rates, consider a group of seven workers operating independently of one another such that the total output is equal to the sum of their individual output. Further, assume that none of the workers has any prior experience with the task and that it takes each worker an equal amount of time (e.g., 3 hours) to complete their first unit. We deterministically compare two scenarios, each with average learning rate of 70%. The first scenario has each of the seven workers with learning rates equal to 70%, and the second scenario has workers with learning rates of 66%, 68%, 69%, 70%, 71%, 72%, and 74%, respectively. Results show, counterintuitively, that the scenario with worker heterogeneity resulted in higher levels of output (425 units versus 406 units after 40 hours), assuming no forgetting occurs. Thus, the impact of fast and slow workers is not cancelled out. Furthermore, while in many settings increasing variation results in decreased system performance (e.g., quality and waiting lines), we observe that in this situation increasing levels of variation result in improved overall system performance. A theorem and proof more formally depicting this phenomenon are given in the appendix. An examination illustrating the size of this difference using empirical data is given in §5.3.
Simulating Patterns of Learning and
Forgetting on Assembly Line Performance We now turn our attention to the specific issue of how patterns of learning and forgetting affect the operating performance of an assembly line. In part, this research issue was motivated by the studied organization's interest in investigating potential benefits associated with a new video-based technology that delivers task-specific training material on demand to operators at their workstations. A conceptual model of relevant factors that influence the performance of the assembly line is presented in Figure 1 , where the use of new technology might impact the rate of worker learning and the propensity for workers to forget. In addition, the length of task tenures and the size of the worker pool are also hypothesized to have a direct impact on performance.
To simulate the performance of the assembly line, the set of best-fit values, k, p, r, and summarized in Table 1 , were used to create a population of 70 workers. This population was randomly ordered 10 times to create 10 worker pools in an effort to guard against the possibility that a nonrepresentative pool of workers was randomly chosen and used in the simulation models. Four factors from the conceptual model in Figure 1 were investigated and discussed below.
4.2.1. Rate of Worker Learning, r. The videobased technology may impact the rate of worker learning, which in turn directly impacts assembly line productivity. Analysis of the best-fit parameters for the pool of 70 workers indicated that the workers progressed rapidly up the learning curve. Therefore, given the rapid rate of learning observed, the following three levels of r were included in the study: 1) the best-fit values of r, 2) 2 × the best-fit values of r, and 3) 4 × the best-fit values of r. Factors Influencing Assembly Line Productivity tenure, was the second factor controlled in the computer simulation study. As shown in Figure 1 , task tenure may be directly related to patterns of learning and forgetting in two competing ways. On the one hand, the longer workers perform a given task, the more opportunity they have to progress along the learning curve, resulting in higher levels of task proficiency. On the other hand, longer task tenures result in less turnover at the workstations, thus increasing the amount of time that elapses between successive assignments to the test station for other workers. This leads to lower performance because the length of time between successive assignments would tend to increase forgetting. Task tenure is also a factor under some degree of managerial control. For example, incentives can be offered to reduce the amount of task turnover or new work rules negotiated with the union to reduce the amount of job bumping. Three levels of task tenure were investigated, where each is drawn from an exponential distribution with 1) an average task tenure of 4 days, 2) an average task tenure of 8 days, and 3) an average task tenure of 32 days.
4.2.3. Worker Pool Size, wp. The third factor, worker pool size, is the total number of workers available in the plant to staff the test stations. One factor that influences the size of the worker pool is management's attitude toward and use of cross-training programs. As shown in Figure 1 , the size of the worker pool relates to patterns of learning and forgetting in the sense that it influences the chance that a particular worker will be selected to work at the test station each time a vacancy occurs. More specifically, the larger the pool of available workers, the less likely it is that any particular worker will be selected to staff the test station. As the likelihood of being selected decreases, opportunities to progress up the learning curve are fewer, and the time between successive assignments to the test station will be greater, potentially resulting in greater forgetting.
In the simulation study the following three levels of the worker pool size were investigated: 1) 2 workers available per test station, 2) 4 workers available per test station, and 3) 8 workers available per test station. Because the model simulated the operation of a single assembly line with eight test stations for one shift, these three levels translate into worker pools of 16, 32, and 64 workers, respectively. To reduce the variability across simulation runs, the first 16 workers in the pools of 70 workers were used in all models with 2 workers per test station. Likewise, the first 32 and 64 workers were used in the models with 4 workers per station and 8 workers per station, respectively. Any of the workers in the worker pool could be assigned to any station.
Forgetting, .
The fourth and final factor investigated was a parameter related to an individual worker's propensity to forget the task studied during breaks, . As shown in Figure 1 , it was hypothesized that a key benefit associated with the videobased training and information delivery system was SHAFER, NEMBHARD, AND UZUMERI Worker Learning, Forgetting, and Heterogeneity that it would reduce the amount of worker forgetting. Three levels of were investigated: 1) the bestfit values of for the 70 workers, 2) 0 5 × the bestfit values of reflecting a moderate reduction in the extent of forgetting, and 3) = 0. Setting to zero eliminates the discounting of cumulative experience in our models since cumulative experience is discounted by the recency measure R raised to . Although it is unlikely that worker forgetting could be completely eliminated, setting to zero provides an upper limit on the potential benefits of reducing worker forgetting.
The Simulation Models and
Experimental Design At the start of the simulation, the first eight workers in the worker pool were assigned to the eight inspection stations. 4 At the time of this assignment, a random task tenure was generated for each worker. After the amount of time corresponding to the task tenure elapsed, a worker from the worker pool was randomly selected subject to the following restrictions: 1) all workers not currently assigned to one of the eight inspection stations had an equally likely chance of being selected, and 2) the same worker could not be assigned consecutively to the same station because this would result in a longer task tenure at that station than should occur based on the level of task tenure specified. At the time of assignment, the task tenure of the worker selected to fill the vacancy was randomly generated. Workstations are identical and, consequently, reassignments among stations are equivalent to staying at the current station.
Because the purpose of this study is to investigate how heterogeneous patterns of learning and forgetting affect assembly line performance, an infinite supply of radios was available to the eight inspection stations so that these stations would never be starved for work. This avoids confounding our results with the amount of work in process. That is, if it were possible for the stations to run out of work it would be difficult to determine whether differences in performance were the result of the factors controlled in this study or of workers missing out on opportunities 4 The simulation models were coded in Awesim.
to progress up the learning curve. Furthermore, since the test stations were the bottleneck on the actual radio assembly line, it was rare for these stations to be starved. Performance was measured both by the average radio inspection time and the total number of radios inspected.
In total, 810 unique simulation models were developed (3 levels of the rate of worker learning, r × 3 levels of task-tenure, t × 3 worker pool sizes, wp × 3 levels of the factor related to worker forgetting, × 10 different arrangements of the pool of 70 workers). Each simulation model was run for 1 year of simulated time. A warm-up period was not used for three reasons. First, the nature of the assembly line studied is that it is shut down once a year to incorporate changes for the new model year and then started up again. Second, warming up the model and then clearing the statistical arrays would bias the results because the performance of the system would only be assessed after the workers had gained some amount of experience. In studies that investigate patterns of learning and forgetting, it is precisely the transient period that is of interest, not an equilibrium state that may exist after workers have reached the flat part of their learning curves. Third, the performance measures used in this study are not biased by starting up the system empty, unlike other measures such as average work in process. Three independent replications of 1 year were run for each of the 810 simulation models for a total of 2,430 runs. That is, each of the 81 cells in our full-factorial experiment (3 levels of r × 3 levels of t × 3 levels of wp × 3 levels of ) was replicated 30 times (3 independent replications × 10 different worker pools).
Results and Discussion
Limitations
Before discussing the results, we note a few limitations associated with this study. First, it should be reiterated that employees assigned to the inspection stations work independently. Therefore, we do not address social factors related to individual learning such as the impact of familiarity with other group members. Second, because our data are limited to SHAFER, NEMBHARD, AND UZUMERI Worker Learning, Forgetting, and Heterogeneity the completion of a single task, we do not evaluate the performance impact of the type and range of tasks assigned to workers. Third, the data collected for this study came from a task that was partially machine-paced and partially worker paced. Therefore, the results may not be generalizable to situations that are purely worker paced. Nonetheless, we call attention to the broad range of manufacturing settings to which this study relates directly. Fourth, we note that we do not model within-worker variability in the simulations, since this would be primarily a source of additional noise in the context of our approach. As a result, in practice, we would expect to see higher variation in output than what was observed in the simulations. Correspondingly, the variability in total production would be expected to be somewhat higher in practice. Finally, while the causes for the breaks in the work history files are unknown, their effects are likely to show up in the best-fit parameter estimates for the workers. However, because the causes were unknown and could result from a variety of reasons, including seniority-based bumping, vacations, cross-training, absenteeism, maternity leaves, etc., no attempt was made to model these causes. Table 4 summarizes the 95% confidence intervals for the simulation experiment results in terms of the dependent variable-cumulative inspected radios. A small but significant dependency was created in our SHAFER, NEMBHARD, AND UZUMERI Worker Learning, Forgetting, and Heterogeneity experiment because we used three replications for 10 worker pools at each design point. To adjust for this, a single-factor model was used to remove the worker pool dependency. The model accounts for the variation in the cumulative inspected radios explained by the worker pools R 2 = 3 47%, F = 9 67, p = 0 0001). The residuals of this model contain the variation in cumulative inspected radios not explained by the worker pool number and are thus independent. Using these residuals, the standard errors reported in Table  4 are based on the resulting 30 statistically independent samples. The 95% confidence intervals were then calculated using t 0 025 29 .
Simulation Results
The correlation between cumulative inspected radios and our alternate dependent variable-average radio inspection time-was −0 9939 (p value = 0 0001). Intuitively, this makes sense and indicates that as the average radio inspection times decrease, the number of radios inspected will increase. Given this, our discussion of the results will focus primarily on the cumulative number of radios inspected. Table 5 provides a summary of the analysis of variance results for average radio inspection times and total number of radios inspected during the year after adjusting for the impact of the worker pool. As shown, all four main effects were statistically significant on both performance measures. Also, four of the six two-way interaction terms were significant at the .01 level on both dependent variables: r × wp, t × wp, r × , and wp × . The other two-way interaction terms, r × t, and t × were significant at the .01 level only for average radio inspection times. None of the three-or four-way interaction terms were significant at the .01 level.
Because the interpretation of main effects may not be meaningful when significant interaction effects are present (Spector 1981) , profile plots (Hildebrand and Ott 1996) were created to investigate each statistically significant two-way interaction. In all the profile plots created, there were clear main effects present and the significant interaction terms were largely due to relatively minor differences in the slopes of the lines. Therefore, our discussion will focus on the main effects, but will be qualified as appropriate to account for the presence of significant interaction effects.
5.2.1. The Impact of Worker Forgetting, . Analysis of the confidence intervals in Table 4 indicated that in 23 of the 27 cases, statistically more radios were inspected going from to /2 and then further moving from /2 to = 0. In three cases statistical differences were not detected moving from /2 to = 0, and in one case statistical differences were not detected moving from to /2 to = 0. All four of the cases in which statistical differences were not detected corresponded to the fastest learning environments, helping explain the significant two-way interaction term × r. Three of these cases corresponded to environments with 16 workers, supporting the significant two-way interaction between × wp. These results suggest that the benefits of reducing may not be as important in faster learning environments. Further, the benefits of reducing increase as the size of the worker pool increases. To fully appreciate the implications of this, note that as the worker pool size increases, the amount of time between successive assignments to the inspection station will tend to increase. Since the workers are randomly assigned to the inspection station when a vacancy occurs, increasing the size of the worker pool decreases the likelihood that any particular worker will be selected to fill the vacancy. As the chance of being selected decreases, the time between successive assignments will tend to increase. Hence, the longer gaps between successive assignments associated with larger worker pools makes it more beneficial to reduce the negative impacts of forgetting.
5.2.2. The Impact Worker Pool Size, wp. In all cases the performance of the inspection operation deteriorated as the size of the worker pool (wp) increased from 32 to 64 workers. However, in 3 of the 27 cases, statistically significant differences were not observed as wp increased from 16 to 32 workers. These results generally suggest that the performance of the radio inspection operation improved as the task experience was concentrated in a smaller number of workers. The 3 cases in which statistical differences were not detected as wp increased from 16 to 32 workers all corresponded to the fastest learning environment, helping explain the significant two-way interaction term wp × r. Furthermore, these 3 cases also corresponded to environments with the longest task tenures, helping explain the interaction term wp × t. The managerial implications of these results are that the benefits of concentrating work among a smaller group of individuals increase as the pace of worker learning decreases and/or the length of task tenures decreases.
5.2.3. The Impact of Task Tenure, t. The impact of task tenure on assembly line performance was mixed. In 14 of the 27 cases there were no statistical differences in radios inspected going from 4 to 8 to 32 day tenures. However, in the other 13 cases statistical differences in total inspected radios were detected as task tenures increased from 8 to 32 days. Of these latter 13 cases, 9 corresponded to environments with 64 workers and 4 corresponded to wp = 32 workers, again supporting the significant two-way interaction term wp × t. In summary, these results suggest that increasing the length of task tenures is most beneficial in cases with larger worker pools. Increasing the length of task tenure did not provide any observable benefit in the smallest worker pool environments.
5.2.4. The Impact of the Rate of Worker Learning, r. Consistent with Figure 1 , performance deteriorated as the rate of learning decreased in all cases. Also, as was discussed previously, increasing the rate of learning can moderate the negative impacts of increasing the size of the worker pools and the degree to which workers forget.
Follow-Up Simulations Investigating
Worker Heterogeneity We highlighted the importance of incorporating worker heterogeneity when modeling learning and forgetting at the individual worker level. This previous discussion was based on insights obtained using a deterministic example and an analytical proof. In this section, we overview the results of a follow-up simulation study conducted to investigate the impact of worker heterogeneity in a more complex and realistic setting. That is, what are the likely magnitudes of differences between modeling under homogeneous and heterogeneous worker population assumptions?
To conduct this comparison we replace the best-fit parameters calculated individually for each worker with the average worker population parameters listed in Table 2 . Hence, in the homogenous simulation models, all workers had the potential to inspect 29.7 radios per hour, had the equivalent prior experience of inspecting 1,150.5 radios, needed to inspect 921.1 radios to reach half their potential productivity level, and had an equal to 1.3. Given the definition of these parameters, it appears reasonable to us that averaging them would provide a good approximation for a typical worker. Indeed, these average values were representative of several workers' unique best-fit parameters. For example, one worker's bestfit parameters k, p, r, and were 30, 1838, 623, and 0, respectively, while another worker's best-fit parameters were 31.5, 1249, 927, and 0.4, respectively. However, if averaging these four parameters does not provide a good approximation for a typical worker, then the question arises how should the parameters for a typical worker be determined? The point being that determining the parameters for a homogeneous model composite worker is nontrivial, particularly given the nonlinear nature of learning and forgetting. We remark that biased results obtained as a product SHAFER, NEMBHARD, AND UZUMERI Worker Learning, Forgetting, and Heterogeneity of not modeling worker heterogeneity may be further compounded by the complexity of determining the parameters for a so-called typical worker.
In the follow-up homogeneous worker case, a fullfactorial experiment was conducted with the same four factors included in the heterogeneous case. Because one of our purposes is to investigate the impact of not modeling worker heterogeneity, only the two extreme levels were used for each of these four factors. Therefore, our follow-up experiment included 32 design points: 2 levels of r (r and 4r) × 2 levels of t (4 and 32 days) × 2 levels of wp (16 and 64 workers) × 2 levels of (zero and best-fit values) × 2 levels of the learning curve parameters specified for each worker (individual best-fit parameters and average of best-fit parameters). The 16 design points where the best-fit parameters are used results in the same models used in the main study, and therefore these results were carried over to the follow-up study. The models where the average population parameters were used in place of each worker's unique bestfit parameters had to be developed for this followup study. It is worth noting that in the models with the average values of the parameters, all workers are identical and therefore it is not necessary to reorder the workers to create different worker pools. In a similar fashion to the heterogeneous main experiment, the simulation models in the follow-up experiment were independently replicated 30 times, each replication representing one year of simulated time, and no warm-up period. Table 6 summarizes the results of our comparison between the models that use each worker's unique best-fit parameter values and the models that use the average of the best-fit parameter values for all workers. Included in the table is the percentage change in mean and standard deviation of the number of radios inspected. Consistent with our earlier discussion, in all cases a smaller number of radios was inspected in the homogeneous case than the heterogeneous case. The range of the difference was from 2.0% to as much as 30.6%. Furthermore, not only did using the best-fit parameters result in higher levels of finished product, it also resulted in much higher levels of variation across the simulation runs. These results are consistent with the results discussed earlier and suggest that Note. BF= models were each worker's unique best fit-parameters were used. Avg= models were same average parameter values were used for all workers.
using a single learning curve could significantly bias productivity levels downward while at the same time greatly underestimating the amount of variation associated with the results. An important implication of this is that calculated confidence intervals would be too narrow given the level of significance specified.
Conclusions
The purpose of this study was to investigate how heterogeneous patterns of learning and forgetting affect the performance of an assembly line. In the course of addressing this specific issue a more general research issue emerged. More specifically, what is the impact of modeling situations where workers operate independently of one another with a single composite learning curve? Regarding the impact of using a single composite learning curve for all workers versus using individual learning curves for the workers, the results of this study clearly demonstrate that not modeling inherent variations across workers can lead to significantly underestimating overall productivity in environments where the workers operate independently. This somewhat nonintuitive result was observed using deterministic simulation based on the one-parameter loglinear model and varying the learning rate across a population of workers while holding the average learning rate constant. We also verified this result analytically by demonstrating that a group of workers who are heterogeneous with respect to their learning parameters will outperform a group made up of "average" workers characterized by mean parameter estimates. In our simulations of more practical settings, we observed that across the environments studied, system output was underestimated by an average of 15.3% when a homogeneous workforce was assumed with a range of 2% to over 30% underestimation.
In terms of how patterns of learning and forgetting affect the performance of an assembly line, the results of this study provide support for the conceptual model shown in Figure 1 . More specifically, the results suggest that increasing the rate of worker learning, perhaps via the adoption of new technologies, can mitigate the negative impacts of both larger worker pools and worker forgetting. Furthermore, and perhaps counterintuitively, our results suggest that increasing the length of task tenures does not automatically translate into higher levels of system performance. In the cases investigated here, longer task tenures did not provide any observable benefit in the environments with the smallest worker pools.
There are a number of ways this research can be extended. For example, in the present study, the workers were never starved for work. Future research may investigate the trade-offs between shops with higher levels of congestion and the confusion this creates, with increased opportunities to progress up the learning curve due to never being starved for work.
A number of important issues were discovered in the course of analyzing the results of this study. For example, having determined the importance of modeling worker heterogeneity, additional research is needed investigating how the parameters of the distribution of the learning curves affects shop performance. In the present study only two of the parameters, those that describe rates of learning and forgetting, were investigated. Future studies should investigate how the other parameters affect shop performance. For example, while we dealt with the issue of turnover at the individual task level in this study, the parameter p relates in a similar way to employee turnover at the organizational level, which also has clear managerial implications.
Research is also needed to further investigate how worker heterogeneity impacts system performance. It would be worthwhile to investigate under what circumstances it is reasonable to use a single learning curve versus situations where it is more appropriate to use individual learning curves. Additional research is needed to determine procedures for calculating the parameters for the learning curve in situations where it is appropriate to use a single curve. For example, what impact does the distribution (including both variation and shape) of the parameter estimates have in estimating composite parameter values? In a sense, it was the current research approach that allowed us to identify these important issues as we hope to address many of them in the future.
